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I. Introduction
Inequality of opportunity has become a tremendously salient issue for policy makers across many countries in recent years. The sharp rise in inequality has given rise to fears that economic disparities will persist into future generations. This has resulted in a heightened focus on the literature on intergenerational economic mobility. This body of research which is now several decades old seeks to understand the degree to which economic status is transmitted across generations. Of course, a critical first step in understanding this literature and correctly interpreting its findings is having a sound understanding of the measures that are being used and what they do and do not measure. This paper will focus on two prominent measures of intergenerational mobility: the intergenerational elasticity (IGE) and the rank-rank slope and discuss several key conceptual and measurement issues related to these estimators in the context of the U.S.
The IGE has a fairly long history of use in economics dating back to papers from the 1980s. It is generally viewed as a useful and transparent summary statistic capturing the rate of "regression to the mean". It can for example, tell us how many generations (on average) it would take the descendants of a family to rise to the mean level of income. In recent years many notable advances have been made in terms of measurement and issues concerning life-cycle bias (e.g. Jenkins, 1987; Solon, 1992; Mazumder, 2005a; Grawe, 2006; Böhlmark and Lindquist, 2006; Haider and Solon, 2006) . 1 As a result of these contributions, most recent US estimates of the IGE in family income are generally around 0.5 or higher. 2 In a recent highly influential study Chetty et al (2014) use large samples drawn from IRS tax records and produce estimates of the IGE in family income of just 0.344. As I show below, such an estimate paints a dramatically different view of the rate at which a family can expect to escape poverty. The main focus of Chetty et al (2014) is not their national IGE estimates. Instead Chetty et al are the first to produce estimates of mobility at a very detailed level of U.S. geography and to provide evidence of substantial heterogeneity across the U.S. Nevertheless, Chetty et al make strong claims about their IGE estimates, arguing that none of the previous biases in the literature apply to their data.
Given the importance of the IGE as one of the key conceptual measures of intergenerational mobility, it is worth revisiting the issues concerning measurement and life-cycle bias in the context of their sample.
A key point of this paper is to demonstrate that despite having extremely large sample sizes, the IRS-based intergenerational sample used by Chetty et al is fundamentally limited in a few key respects stemming from the fact that the data is only available going back to 1996. First, children's income is only measured in 2011 and 2012. This is at a relatively early point in the life cycle for cohorts born between 1980 and 1982 and at a time in which unemployment was quite high in the US. Even setting aside business cycle effects, this is an age at which we would expect substantial life cycle bias based on the estimates from the prior literature (Haider and Solon, 2006) . Moreover, relative to an ideal data structure, where cohorts of children could be chosen such that they were observed over the 31 years spanning the ages of 25 to 55, Chetty et al are limited to using only 6 percent of the lifecycle. Second, parents' income is also measured for only a short period (5 years) covering just 16 percent of the lifecycle and at a relatively late period in life. I estimate that about 25% of observations of fathers' income in their sample are with Chetty et al (2014) it is important to distinguish these estimates from those that use a different income concept such as labor market earnings in both generations. measured at age 50 or higher. The prior literature has shown that around the age of 50 a substantial share of the variance in income is due to transitory fluctuations. This leads to substantial attenuation of the IGE relative to what would be found if one used lifetime income for the parents (Haider and Solon, 2006; Mazumder, 2005a) . Third, recent research has established that in some cases administrative data can lead to worse measurement error than survey data, particularly at the bottom end of the income distribution (e.g. Abowd and Stinson, 2013 and Hokayem et al., 2012 .
I use the PSID which covers income going back to 1967 to demonstrate empirically the implications of these data limitations. First, I construct an intergenerational sample where both kids' and parents' family income is observed over a vastly larger portion of the lifecycle than the IRS records and where crucially, the time averages are centered over the prime working years in both generations. I estimate the IGE using this closer to "ideal" sample and then show how the estimates change if I impose the same kinds of data limitations that exist in the IRS data. The results of this exercise show that the data limitations lead to IGE estimates that are about 60 percent of the size of the estimates with the complete data and similar in magnitude to the estimates of Chetty et al.
Chetty et al also find that with their tax data the IGE estimates are very sensitive to how they choose to impute the income of children who report no family income during 2011 and 2012. This apparent sensitivity of the IGE estimates is also due in large part to the limitations of the tax data that is currently available rather than an intrinsic feature of the estimator. The critical issue is that it is the limited panel dimension of the tax data that makes the analysis especially sensitive to this problem. This is also important because it is this concern about robustness of the IGE with their particular sample that is a primary reason that Chetty et al turn to rank-based estimators. 3 This can be contrasted with several other studies (Bhattacharya and Mazumder, 2011; Corak et al., 2014; Mazumder, 2014; Davis and Mazumder, 2015; and Bratberg et al., 2015) , that have also used rank-based measures to study intergenerational mobility but for conceptual reasons.
Given the recent shift in the literature to using rank-based measures it is useful to distinguish the measurement concerns with the IGE from the conceptual differences between the two estimators. In short, I argue that conceptually, both measures can provide useful insights about different aspects of mobility. I argue that there are clearly certain questions that are best answered by the IGE and for that reason researchers should continue to use the IGE as at least one tool for measuring intergenerational mobility. Nevertheless, rank-based estimators are also valuable because in addition to providing information on a different concept of mobility, positional mobility, rank-based measures are also useful for distinguishing upward versus downward movements, making subgroup comparisons and for identifying nonlinearities in intergenerational mobility. In fact, I would argue that even if Chetty et al found the IGE to be perfectly robust in their tax data, it would still be preferable to use rank-mobility measures to understand geographic differences. This is because an IGE estimated in say, Charlotte, North Carolina would only be informative about the rate of regression to the mean income in Charlotte whereas rank estimators can use ranks that are fixed to the national distribution which may make for a more meaningful comparison across cities.
Perhaps the most significant contribution of this paper is to show that the magnitude of the IGE estimates when using many years of income data centered over the prime working years in both generations are higher than almost all previous estimates in the literature. For example, the estimates of the IGE with respect to family income are greater than 0.6. Turning to a different measure of income, the labor income of male heads of household, I also find that the IGE is greater than 0.6 and roughly similar to the estimate found by Mazumder (2005a) using social security earnings data. Chetty et al suggest that the high estimates in Mazumder (2005a) are due to data imputations of fathers' earnings that are topcoded in some years. The analysis here suggests that those earlier findings can easily be replicated using publicly available survey data that requires no imputations of topcoded earnings whatsoever. Instead, obtaining such high estimates of the IGE simply requires using samples with the appropriate ages and long time spans of available income data centered around the prime working ages in both generations. I also point to other studies in the literature that yield findings consistent with Mazumder (2005a) that do not require imputations (e.g. Mazumder, 2005b; Nilsen et al (2012); and Mazumder and Acosta, 2014) .
A final exercise uses the PSID data to estimate the rank-rank slope which is one of the two main measures used by Chetty et al (2014) . In this case the estimates are only moderately larger with the PSID (0.4 or higher) than what one obtains when using the IRS data (0.341) or the PSID data when imposing the age structure and short panels found in the tax data. This suggests that while the rank-rank slope may be more robust to the data limitations of the IRS sample than the IGE, it is still not perfect and suggests that the rate of intergenerational mobility even by rank-based measures may be overstated by the tax data. These pattern of results are broadly in line with similar findings for Sweden (Nybom and Stuhler, 2015) .
One clear conclusion to be drawn from this paper is that researchers should continue to use the IGE if that is the conceptual parameter of interest and when their intergenerational samples have the appropriate panel lengths and age structure. Even when the ideal data is not available, researchers can still attempt to assess the extent of the bias based on prior papers in the literature that propose methodological fixes. Substantively, the results of this paper show that intergenerational mobility in the US is substantially lower than what one would think based on the currently available IRS data, especially if one is interested in the rate at which income gaps between families are closed. If one is more interested in purely positional mobility then the bias due to the data limitations in the tax data is less severe. Over the next few decades, as the panel length of the tax data increases, these biases will recede in importance. However, one cannot know with certainty whether researchers will be able to obtain such tax data in future decades.
The rest of the paper proceeds as follows. Section 2 describes the conceptual differences between the estimators. Section 3 describes measurement issues with IGE estimation and describes the structure of an "ideal" dataset. It then compares this ideal dataset with the IRSbased intergenerational sample used by Chetty et al (2014) and a close to ideal sample that can be constructed with publicly available PSID survey data. Section 4 outlines the PSID data used for the analysis. Section 5 presents the main results when using the PSID and demonstrates the effects of imposing the limitations of the tax data. Section 6 concludes.
II. Conceptual Issues
The concept of regression to the mean over generations has a long and notable tradition going back to the Victorian era social scientist Sir Francis Galton who studied, among other things, the rate of regression to the mean in height between parents and children. Modern social scientists have continued to find this concept insightful as a way of describing the rate of intergenerational persistence in a particular outcome and to infer the rate of mobility as the flip side of persistence. In particular, economists have focused on the intergenerational elasticity (IGE). The IGE is the estimate of β obtained from the following regression:
(1)
where y1i is the log income of the child's generation and y0i is the log of income in the parents' generation. 4 The estimate of β provides a measure of intergenerational persistence and 1 -β can be used as a measure of mobility. Barro and Sala-i-Martin, 1992 ).
The rank-rank slope on the other hand is about a different concept of mobility, namely positional mobility. For example, a rank-rank slope of 0.4 suggests that the expected difference in ranks between the adult children of two different families would be about 4 percentiles if the difference in ranks among their parents was 10 percentiles. One can imagine that depending on the shape of the income distribution the descendants of a family in poverty might experience 4 Often the regression will include age controls but few other covariates since β is not given a causal interpretation but rather reflects all factors correlated with parent income 5 This exercise is based on Mazumder (2005) and considers a family of four with two children under the age of 18 whose income is $18,000 (under the poverty threshold in 2013 of around $24,000). Mean household income in 2013 was approximately $73,000. The calculation specifically examines how many generations before the expected income of the descendants of this family would be within 5% of the national average.
relatively rapid positional mobility but slower regression to the mean.
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How are the two measures related? Chetty et al (2014) point out that that the rank-rank slope is very closely related to the intergenerational correlation (IGC) in log income. They and many others have also shown that the IGE is equal to the IGC times the ratio of the standard deviation of log income in the child's generation to the standard deviation of log income in the parents' generation:
This relationship is sometimes taken to imply that a rise in inequality would lead the IGE to rise but not affect the IGC and that therefore, the IGC may be a preferred measure that avoids a "mechanical" effect of inequality. By extension one might also prefer the rank-rank slope if one accepts this argument. Several comments are worth making here. First, in reality the parameters are all jointly determined by various economic forces. In the absence of a structural model one cannot meaningfully talk about holding "inequality" fixed. For example, a change in β might cause inequality to rise, rather than the reverse, or both might be altered by some third force such as rising returns to skill. The mathematical relationship shown in (2) does not substitute for a behavioral relationship and so it does not make sense to pretend that we can separately isolate inequality from the IGE. Second, even if it was the case that the IGC or rankrank slope was a measure that was "independent of inequality", that doesn't mean that society shouldn't continue to be interested in the rate of regression to the mean. It may well be the case that it is precisely because of the rise in inequality that societies are increasingly concerned about intergenerational persistence and so incorporating the effects of inequality may actually be critical to understanding the rates of mobility that policy makers want to address.
In addition to providing useful information about positional mobility, the rank-rank slope has other attractive features. Perhaps its' most useful advantage over the IGE is that it can be used to measure mobility differences across subgroups of the population with respect to the national distribution. This is because the IGE estimated within groups is only informative about persistence or mobility with respect to the group specific mean whereas the rank-rank slope can be estimated based on ranks calculated based on the national distribution. Chetty et al (2014) were able to use this to characterize mobility for the first time at an incredibly fine geographic level. Mazumder (2014) used other "directional" rank mobility measures to compare racial differences in intergenerational mobility between blacks and whites in the U.S. However, for characterizing intergenerational mobility at the national level both the IGE and the rank-rank slope are suitable depending on which concept of mobility the researcher is interested in studying.
III. Measurement Issues and the Ideal Intergenerational Sample

Measurement Issues
The prior literature on intergenerational mobility has highlighted two key measurement concerns that I will briefly review here. The first issue is attenuation bias that arises from measurement error or transitory fluctuations in parent income. In an ideal setting the measures of y1 and y0 in equation (1) would be measures of lifetime or permanent income, but in most datasets we only have short snapshots of income that can contain noise and attenuate estimates of the IGE. Solon (1992) showed that using a single year of income as a proxy for lifetime income of fathers can lead to considerable bias relative to using a 5 year average of income. Using the PSID, Solon concluded that the IGE in annual labor market earnings was 0.4 "or higher".
Mazumder (2005a) used the SIPP matched to social security earnings records and showed that using even a 5-year average can lead to considerable bias and estimated the IGE in labor market earnings to be around 0.6 when using longer time averages of fathers earnings (up to 16 years).
Mazumder argues that the key reason that a 5-year average is insufficient is that the transitory variance in earnings tends to be highly persistent and appeals to the findings of U.S. studies of earnings dynamics that support this point. Using simulations based on parameters from these other studies, Mazumder shows that the attenuation bias from using a 5-year average in the data is close to what one would expect to find based on the simulations. In a separate paper that is less well known, Mazumder (2005b) showed that if one uses short term averages in the PSID and uses a Hetereoscedastic Errors in Variables (HEIV) estimator that adjusts for the amount of measurement error or transitory variance contained in each observation, then that the PSID adjusted estimate of the IGE is also around 0.6. This latter paper is a useful complement because unlike the social security earnings data used by Mazumder (2005a) the PSID data is not topcoded and doesn't require imputations. Chetty et al (2014) has contended that the larger estimates of the IGE in Mazumder (2005a) were due to the nature of the imputation process rather than due to larger time averages of fathers' earnings. I will return to this point below and show that the evidence from the PSID suggests that their contention is incorrect.
The second critical measurement concern in the literature concerns lifecycle bias best encapsulated by Haider and Solon (2006) . One aspect of this critique concerns the effects of measuring children's income when they are too young. Children who end up having high lifetime income often have steeper income trajectories than children who have lower lifetime income. Therefore if income is measured at too young an age it can lead to an attenuated estimate of the IGE. Haider and Solon show that this bias can be considerable and is minimized when income is measured at around age 40. A related issue is that transitory fluctuations are not constant over the lifecycle but instead follow a u-shaped pattern over the lifecycle (Baker and Solon, 2003; Mazumder, 2005a) . This implies that measuring parents' income when they are either too young or (especially) when they are too old can also attenuate estimates of the IGE.
While there are econometric approaches one can use to correct for lifecycle bias, one simple approach would be to simply center the time averages of both children's and parents' income around the age of 40. Using this approach with the PSID, Mazumder and Acosta estimate the IGE to be around 0.6. Further, Nilsen et al (2012) , using Norwegian data show that both time averaging and life-cycle bias play a role in attenuating IGE coefficients. It should be noted that
Nilsen et al find that these biases matters despite using administrative data like Chetty et al.
7
Comparisons of Intergenerational Samples
To better understand the limitations with currently available intergenerational samples in the US with respect to these measurement issues, it is useful to think about what an ideal sample would look like. In an ideal setting we would want to construct an intergenerational sample where income is measured for both generations throughout the entire working life cycle, say between the ages of 25 and 55. on. Suppose that for the parents' generation, the mean age at the time the child is born is 25.
Then for the 1957 cohort we would collect income data from 1957 to 1987, from 1956 to 1986 for the parents of the earlier birth cohorts and so on. With such a dataset in hand we would be 7 Chetty et al speculate that perhaps time averaging and life cycle bias don't matter because of their use of administrative data. 8 The precise end points are debatable but one might want to ensure that most sample members have finished schooling and that most sample members have not yet retired.
confident that we would have measures of lifetime income that are error-free and would also be free of lifecycle bias.
Unfortunately, for most countries, including the US, it is difficult to construct an intergenerational dataset with income data going back to the 1950s. Relative to the ideal sample, the PSID sample is close in several regards. Since it covers the 1967 to 2010 period it is able to utilize large windows of the lifecycle for both generations. Now let us contrast this with the limitations faced by Chetty et al (2014) in their analysis of currently available IRS data. First the tax data is currently only digitized going back to 1996, which is nowhere near as far back as the ideal dataset would require (1957) , or even what is available in the PSID (1967) . Therefore, there is no birth cohort for whom the income of parents can be measured for the entire 31 year time span between the ages of 25 and 55. Furthermore, the authors chose to limit the analysis to just a 5-year average between 1996 and 2000. Although they do not explain why they limited their time average to just 5 years, a likely explanation is that if they had extended their time averages further, they would have been forced to measure income when parents were at an older than ideal age. This will become important later when I explain why their sensitivity analysis is flawed. The mean age of fathers in their sample in 1996 is reported to be 43.5 with a standard deviation of 6.3 years. This implies that over the 5 years from 1996 through 2000, roughly 24 percent of the father-year observations used in constructing the average would be when fathers are over the age of 50. 11 This is an age at which the transitory variance in income is quite high (Mazumder, 2005a) . They also report that prior to 1999 they record the income of non-filers to be zero. Therefore for about 3 percent of observations in three of the five years used in their average they impute zeroes to the missing observations. 12 10 As discussed later, I use survey weights to address concerns about attrition. 11 This example assumes the data is normally distributed. In 2000, more than a third of the observations would be when fathers are over the age of 50. 12 See footnote 14 of Chetty et al. (2014) . They show that this has no effect on their rank mobility estimates but they do not show how the IGE estimates change. Further, measuring income from 1999 to 2003 only worsens the attenuation bias in the IGE resulting from measuring fathers at late ages.
For the children in the sample, the data limitations are even more severe. Chetty et al use cohorts born between 1980 and 1982 and measure their income in 2011 and 2012 when they are between the ages of 29 and 32. For this age range, simulations from Haider and Solon (2006) suggest that there would be around a 20 percent bias in the estimated IGE compared to having the full lifecycle. A further complication is that their measures are taken in 2011 and 2012 when unemployment was relatively high and labor force participation quite low. They report that they drop about 17 percent of observations from the poorest families due to their having zero income over those 2 years. If their sample also included 29 to 32 year olds over several decades which also included many boom years then this would be less of a concern. Finally, there is a concern about whether administrative income data adequately captures true income, particularly at the low and the high ends of the income distribution. For example, at the lower end of the distribution, tax data could miss forms of income that go unreported to the IRS. At the higher end, tax avoidance behavior could lead to an under-reporting of income. Hokayem et al (2015) find that administrative tax data can do a worse job than survey data in measuring poverty. Abowd and Stinson (2013) argue that it is preferable to treat both survey data and administrative data as containing error. I also discuss below how a preferred concept of family income that includes all resources available for consumption, including transfers and income of other family members, would render tax data inadequate.
It is useful to visualize just how different the data structure of the Chetty et al sample is from an ideal intergenerational sample. This is shown in To their credit, Chetty et al (2014) attempt to conduct some sensitivity checks to these issues, but for the same reasons discussed above, their data are not well suited to doing effective robustness checks for the IGE measure. Below I will replicate their sensitivity checks with the PSID data and show how the current data limitations with the IRS data lead them to erroneous conclusions regarding the sensitivity of their IGE estimates to these measurement problems.
Is the IGE Robust to Zeroes?
Chetty et al (2014) A second point relates to the concept of family income one wants to use. Economists (e.g. Mulligan, 1997) have sometimes argued that an ideal measure of intergenerational mobility would seek to measure lifetime consumption in both generations since consumption is perhaps the measure closest to utility which is what economists focus on. In this case ideally we would coverage in the SSA sector and from true zeroes due to non-employment. When they construct measures of parent average earnings over the ages of 20 to 55 and include all years of zero earnings they obtain estimates of the intergenerational elasticity of around 0.3 for men. Their estimates may be including many years when actual earnings are positive but are erroneously treated as zero because fathers were working in the non-covered sector. They attempt to correct for this by restricting the sample to parents who were not in the armed forces or selfemployed in some specifications. But, importantly this is only observed in 1984, and their long-term averages may still include many years of zero earnings for workers who were actually in the non-covered sector in the 1950s, 1960s or 1970s but who had shifted to the covered sector by 1984. When they restrict the number of years of zero earnings in other very sensible ways to directly address the issue, they obtain estimates of around 0.5 to 0.6. For example, when they use the log of average earnings beginning with the first 5 consecutive years of positive earnings up to age 55 they obtain an estimate of 0.498.
like to measure total family resources which includes income obtained from transfers and from other family members. This is an example where survey data that has access to transfer income would be preferable to tax data that may not. Including transfers may not only be a preferred measure but may also help alleviate the problem of observing zero earnings or zero income as is common in administrative data. It is also not obvious why the preferred measure of family income would be one that only includes labor market earnings, transfers and capital income that happen to be reported on tax forms.
Overall, there are strong reasons to think that the seeming lack of robustness of the IGE in Chetty et al is more a problem of limitations with their tax data rather than with the estimator itself. In fact, the results using broader concepts of family income with the PSID shown below are virtually identical regardless of whether one includes or doesn't include years of zero income since there so few zeroes.
IV. PSID Data
I restrict the analysis to father-son pairs as identified by the PSID's Family Identification Mapping System (FIMS) and use all years of available family income between the ages of 25
and 55 between the years of 1967 and 2010. For the main analysis I consider a measure of family income that excludes transfers and excludes income from household members that are not the head of household or the spouse. This provides a measure of family income that might be the most comparable to the concept used by Chetty et al (2014) . In addition, I also construct a measure of family income that also includes transfers received by the household head or spouse, but these results are not shown in this paper. Finally, I construct a measure that uses only the labor income of the father and son to be more comparable to papers that emphasize the IGE in labor market income (e.g. Solon, 1992; Mazumder, 2005) . Labor income is not simply earnings from an employer but also incorporates self-employment. Observations marked as being generated by a 'major' imputation are set to missing. Yearly income observations are deflated to real terms using the CPI. In the PSID the household head is recorded as having zero labor income if their income was actually zero or if their labor income is missing, so one cannot cleanly distinguish true zeroes with the labor income. All of the main analysis only uses years of non-zero income when constructing time averages of income. When using family income, instances of reports of zero income are relatively rare so the results are virtually immune to the inclusion of zeroes.
The main analysis only uses the nationally representative portion of the PSID and includes survey weights to account for attrition. All of the analysis was also done including the SEO oversample of poorer households and includes survey weights. While the samples with the SEO are larger and offer more precise estimates, there is some concern about the sampling methodology (Lee and Solon, 2009 ). Finally all estimates are clustered on fathers.
The approach to estimation in this study is slightly different than in most previous PSID studies of intergenerational mobility. Rather than relying on any one fixed length time average for each generation and relying on parametric assumptions to deal with lifecycle bias (e.g. Lee and Solon, 2009), instead I estimate an entire matrix of IGE's for many combinations of lengths of time averages that are all centered around age 40. I will present the full matrix of estimates along with weighted averages across entire rows and columns representing the effects of a particular length of the time average for a given generation. For example, rather than simply comparing the IGE from using a ten-year average of fathers' income to using a five year average of fathers' income for one particular time average of sons' income, I can show how the estimates are affected for every time average of sons' income. Table 1 shows the estimates of the IGE in family income that is conceptually similar to that used by Chetty et al (2014) . The first entry of the table at the upper left shows the estimate if we use just one year of family income in the parent generation and one year of family income for the sons when they are closest to age 40 and also are within the age-range constraints Moving down the rows for a given column, the estimates gradually increase the time average used to measure family income in the parent generation and as a consequence also reduces the sample size. For example, if we move down the first column and continue to just use the sons' income in one year measured closet to age 40 and now increase the time average of fathers' income to 2 years, the estimate rises to 0.439 as the sample falls to 1317. Using a five year average raises the estimate to 0.530 (N=1175). Increasing the time average to 10 years increases the estimate to 0.580 (N=895). Using a 15 year average raises the estimate further to 0.680 (N=533). The weighted average for each row is displayed in the last column and the weighted average for each column is displayed in the bottom row.
V. Results
IGE Estimates
A few points are worth making. Since expanding the time average in either dimension reduces the sample size it risks making the sample less representative. The implications on the estimates, however, are quite different for whether we increase the time average for the sons' generation or for the fathers'. For the parent generation, increasing the time average tends to raise estimates. This is a consistent with a story in which larger time averages reduce attenuation bias stemming from mis-measurement of parent income (Solon, 1992; Mazumder, 2005) . This also accords with standard econometric theory concerning mis-measurement of the right hand side variable. On the other hand, econometric theory posits that mis-measurement in the dependent variable typically should not cause attenuation bias. Indeed, increasing the time average of sons' family income has little effect. But crucially, this is because we have centered the time average of family income in each generation so that the lifecycle bias which induces "non-classical" measurement error in the dependent variable (Haider and Solon, 2006 ) may already be accounted for.
By this reasoning one might consider the estimates in the first column to be the most useful since they allow one to see how a reduction in measurement error in parent income affects the estimates while simultaneously minimizing life cycle bias and keeping the sample as large as possible. A more conservative view would be to use the weighted average in the final column that takes into account the possible effects of incorporating more years of data on sons' income while also giving greater weight to estimates with larger samples. Figure 2 shows the pattern of estimates from the two approaches as I gradually use longer time averages. Using either approach suggests that the IGE in family income is greater than 0.6. Appendix Table 1 and Appendix Figure 1 show the analogous set of estimates using larger samples that include the SEO oversample.
The key idea of the study is to see how these IGE estimates would compare to what one would obtain by imposing the current data limitations of the IRS sample. To do this, one can use the second column and fifth row of Table 1 Table 2 shows a set of IGE estimates that only use the labor income of fathers and sons.
Appendix Table 2 presents similar estimates that also include the SEO samples. On the whole, the estimates in Table 2 are fairly similar to those in Table 1 as is shown in Figure 3 which plots the weighted average across the columns. For example, when using a 12-year average of fathers' income, the IGE when using labor income is 0.611 and when using family income the estimate is 0.612.
These estimates are broadly similar and slightly higher than those found by Mazumder (2014) but instead are due to the longer time averages available in the SSA data and the PSID.
Sensitivity Checks in Chetty et al (2014)
Chetty et al (2014) argue that their national estimates of the IGE are unaffected by the age at which children's income is measured. They also argue that their estimates are unaffected by the length of the time average used to measure parent income. They perform sensitivity checks to demonstrate this empirically. In this section I describe why those sensitivity checks are flawed and show how one can demonstrate this using the PSID. First, with respect to the sensitivity of the IGE to the age at which child income is measured, Chetty et al (2014) claim that while there is some lifecycle bias early in the career that this stabilizes once children have the IGE for 41 year olds they are actually using parent income that is measured when the child was between the ages of 25 to 29 and unlikely to be living at home. Importantly, this also implies that they are using the income of fathers when they are likely to be especially old. For example, the income of a father who was 28 when his child was born in 1971 would be 53 to 57 years old when his income was measured in 1996 to 2000. Although Chetty et al do not highlight these points, they have important implications. Using parent income at such late ages when transitory fluctuations are a substantial part of earnings variation can lead to substantial attenuation bias that could offset the reduction in lifecycle bias from measuring child income at age 40 (Mazumder 2005a) . Overall it could make it appear as though there is no lifecycle bias when in fact it may actually be substantial.
With a long-running panel dataset like the PSID one can replicate this type of erroneous sensitivity check but then also show how the results differ if one allows the age at which children's income is measured to rise while simultaneously keeping the age at which father's income is measured constant. To implement this exercise, I first replicate the findings in Chetty et al by gradually increasing the age at which sons' income is measured from 22 to 41 while simultaneously increasing the age range at which the five year average of fathers' income is measured to match the analogous age range implied by the tax data. 15 In addition, one can also fix this problem by using a 5 year time average that is always centered around the age of 40 while simultaneously raising the age of sons when their income is measured from 22 to 41. While both lines track each other reasonably well before the age of 30, they start to diverge after the age of 32. This is precisely around the time when the red line utilizes data on fathers when the child is no longer in the home, when the fathers are entering their 50s and when their income becomes noisy. With the green line, however, we continue to use centered time averages of fathers around the age of 40 to eliminate this downward bias. The bottom line is that there is in fact substantial lifecycle bias that cannot be uncovered by the sensitivity checks in the current version of the tax data because of inherent data limitations.
There is also another pertinent sensitivity analysis around lengthening the time average of parent income that Chetty et al present in their Figure 3B . Chetty et al do this by adding additional years beyond the 1996-2000 time frame and showing that their rank-rank slope estimates do not increase, though they never show the results of this exercise for the IGE. 16 The key problem with this approach is that once again they must necessarily increase the attenuation bias from using later ages in the lifecycle of parents as they extend the length of the time averages. This can again have an offsetting effect due to attenuation bias. For example, the mean age of fathers in their sample in 2003 exceeds 50 so once they start lengthening time averages to include data in 2003 and beyond, they are actually including income observations containing lots of noise. And once again, when they extend the time averages in this manner they are actually utilizing many years of income when the child is likely no longer living at home. With the PSID, one can avoid this pitfall. Specifically, one can increase the length of the time average while still holding constant the mean age of fathers by using centered time averages.
16 See Chetty et al (2014, Figure 3B ).
As before, I first use the PSID to replicate the results of the sensitivity check in Chetty at al and then show that time averaging does in fact reduce the attenuation bias once one removes the mechanical effect of increasing parent age. 17 The results are shown in Figure 5 . First, I am able to replicate the spirit of the finding in Chetty et al's Figure 3B . The red line shows that as I extend the time average of fathers' income by using years when the fathers are getting older, I
find that the time averages appear to have no effect on increasing estimates of the IGE. The IGE stays flat at first and then actually starts to decline when the averages get very large. However, when I use a centered time average of fathers' income around the age of 40, a lengthening of the time average generally leads to greater IGE estimates suggesting that larger time averages of parent income do tend to reduce attenuation bias.
Rank-Rank Slope Estimates
In this section, I present an analogous set of results for the rank-rank slope. I begin by
showing the rank-rank slope estimate when using the main measure of family income that is most similar to what is measured in the tax data and what was used to generate Table 1 . The results are shown in Table 3 . With the rank-rank slope some new patterns emerge. First, it appears that increasing the length of the time averages centered around the age of 40 for sons does appear to increase the slope estimates. For example, looking over the first 10 rows, it appears that in nearly every case the slope estimates are higher when sons' income is averaged over 8, 9 or 10 years rather than just 1 or 2 years. This was not the case with the IGE. In Table 1 it was typically the reverse pattern. It is not obvious why this is the case but perhaps there is 17 Specifically, use just a 2 year average of sons' income over the ages of 29 to 32 and then start with a single year of fathers' income that is measured when the son is 15 and then gradually add years of fathers' income from subsequent years. For a five year average, this uses the income of fathers when the son is between the ages of 15 and 19. This mimics the 1981 birth cohort in Chetty et al whose parent income is measured between 1996 and 2000. A ten year average then utilizes the income of fathers when the son is between the ages of 15 and 24.
some aspect of lifecycle bias that is more pronounced when using ranks than when using the IGE. This may be a fruitful issue for future research to investigate.
Second, the effect of using longer time averages of parent income is much more muted with the rank-rank slope than with the IGE. In table 1, the weighted average of the IGE across all the rows goes from around 0.38 when using a single year of family income to about 0.66 when using 15 year averages of family income -a 72 percent increase. The analogous increase in the rank-rank slope is a rise from 0.31 to 0.40 or just a 29 percent increase. A takeaway from Table 3 is that the rank-rank slope may be around 0.4 or higher rather than the 0.34 reported by
Chetty et al. If we do the same exercise of imposing the limitations of the tax data on our PSID sample, the estimate drops from 0.33 when using centered time averages (two years of sons and five years for fathers) to just 0.28 when using sons between the ages of 29 and 32 and fathers between the ages of 44 and 48. Again, these results suggest that even the rank-rank slope estimates using the tax data are likely attenuated, albeit to a lesser degree than the substantial attenuation with the IGE estimates. These results are also very similar if one includes the SEO oversample of poorer households or just uses labor income of fathers and sons (results available upon request).
In Figures 6 and 7 I return to sensitivity analysis exercises from Chetty et al (2014) in the context of the rank-rank slope and replicate those exercises with the PSID, first allowing father's age to shift higher mechanically but then correcting for this by holding father's age constant using centered time averages around the age of 40. Figure 6 doesn't point to a very clean story.
In this case the red line is often larger than the green line suggesting that estimates are often slightly lower when using the centered time averages. On the other hand both lines, but especially the green one, appear to trend higher over the course of the 30s suggesting that Table 3 and the results when imposing the tax data limitations.
Namely, estimates of the rank-rank slope are also likely biased down due the limitations of the tax data but to a much lesser extent than the IGE.
VI. Conclusion
The literature on intergenerational mobility over the past few decades has shown how attenuation bias and lifecycle bias can substantially affect estimates of the intergenerational elasticity (IGE). Most previous estimates of the IGE in family income in the U.S. are around 0.5.
Using very large samples of tax records that are digitized going back only to 1996, Chetty et al (2014) estimate that the IGE is actually much lower at 0.344. Further they make strong claims that these estimates are not subject to attenuation bias or lifecycle bias. If accurate, this finding is important because the IGE is an important gauge concerning the extent to which gaps between families in America will dissipate over time and so it is important to understand whether the evidence of greater mobility from the tax data is accurate or spurious.
I shed some light on this by describing the fundamental data limitations of the currently available tax data. The key point is that the panel length is currently too short to do a good job On the other hand, the results with the PSID with respect to the rank-rank slope suggest that these biases are much smaller and that the rank-rank slope is relatively more robust (though not entirely immune) from these measurement concerns. It is important, however, to remember that the IGE is conceptually different from the rank-rank slope and may continue to be of substantial value to researchers and policy-makers especially in an era of rising inequality when gaps in society may be expanding. In that context focusing only on positional mobility because measurement is easier, may not be appropriate.
Finally, it is important to make clear that Chetty et al (2014) makes a notable contribution to the literature by demonstrating that there may be large geographic differences in intergenerational mobility across the U.S. It is likely that these large geographic differences will remain even after correcting for the biases in the tax data. Nevertheless, it may be useful for future research to more directly examine this issue and verify that the central findings in their paper are robust to these biases. 34  33  33  33  33  33  33  32  32  32  32  32  32  31  31  31  31  31  31  30  30  30  30  30  30  29  29  29  29  29  29  28  28  28  28  28  28  27  27  27  27  27  27  26  26  26  26  26  26  25  25  25  25 
